In this study we examined ecosystem respiration (R ECO ) data from 104 sites belonging to FLUXNET, the global network of eddy covariance flux measurements. The goal was to identify the main factors involved in the variability of R ECO : temporally and between sites as affected by climate, vegetation structure and plant functional type (PFT) (evergreen needleleaf, grasslands, etc.). We demonstrated that a model using only climate drivers as predictors of R ECO failed to describe part of the temporal variability in the data and that the dependency on gross primary production (GPP) needed to be included as an additional driver of R ECO . The maximum seasonal leaf area index Correspondence: Mirco Migliavacca, tel. 1 39 026 448 2848, fax 1 39 026 448 2895, (LAI MAX ) had an additional effect that explained the spatial variability of reference respiration (the respiration at reference temperature T ref 5 15 1C, without stimulation introduced by photosynthetic activity and without water limitations), with a statistically significant linear relationship (r 2 5 0.52, Po0.001, n 5 104) even within each PFT. Besides LAI MAX , we found that reference respiration may be explained partially by total soil carbon content (SoilC). For undisturbed temperate and boreal forests a negative control of total nitrogen deposition (N depo ) on reference respiration was also identified. We developed a new semiempirical model incorporating abiotic factors (climate), recent productivity (daily GPP), general site productivity and canopy structure (LAI MAX ) which performed well in predicting the spatio-temporal variability of R ECO , explaining 470% of the variance for most vegetation types. Exceptions include tropical and Mediterranean broadleaf forests and deciduous broadleaf forests. Part of the variability in respiration that could not be described by our model may be attributed to a series of factors, including phenology in deciduous broadleaf forests and management practices in grasslands and croplands.
Introduction
Respiration of terrestrial ecosystems (R ECO ) is one of the major fluxes in the global carbon cycle and its responses to environmental change are important in understanding climate-carbon cycle interactions (e.g. Houghton et al., 1998; Cox et al., 2000) . It has been hypothesized that relatively small climatic changes may impact respiration with the effect of rivaling the annual fossil fuel loading of atmospheric CO 2 (Jenkinson et al., 1991; Raich & Schlesinger, 1992) .
Recently, efforts have been made to mechanistically understand how temperature and other environmental factors affect ecosystem and soil respiration, and various modeling approaches have been proposed (e.g. Lloyd & Taylor, 1994; Reichstein et al., 2003a; Davidson et al., 2006a; Reichstein & Beer, 2008) . Nevertheless, the conceptual processes and complex interactions controlling R ECO are still incompletely understood and the associated uncertainty continues to hamper bottom-up scaling to larger spatial scales (e.g. regional and continental), which is one of the major challenges for biogeochemists and climatologists.
Heterotrophic and autotrophic respiration in both data-oriented and process-based biogeochemical models are usually described as a function of air or soil temperature and occasionally soil water content (e.g. Lloyd & Taylor, 1994; Thornton et al., 2002; Reichstein et al., 2005) , although the functional form of these relationships varies from model to model. These functions represent the dominant role of reaction kinetics, possibly modulated or confounded by other environmental factors such as soil water content or precipitation, which some model formulations include as a secondary effect (e.g. Carlyle & Ba Than, 1988; Reichstein et al., 2003a; Richardson et al., 2006) .
A large number of statistical, climate-driven models of ecosystem and soil respiration have been tested and compared using data from individual sites (Janssens & Pilegaard, 2003; Del Grosso et al., 2005; Richardson & Hollinger, 2005; Savage et al., 2009) , multiple sites Rodeghiero & Cescatti, 2005) , and from a wide range of models compared across different ecosystem types and measurement techniques (Richardson et al., 2006) .
Over the course of the last decades, the scientific community has debated the role of productivity in determining ecosystem and soil respiration. Several authors (Valentini et al., 2000; Janssens et al., 2001; Reichstein et al., 2003a; Curiel-Yuste et al., 2004; Davidson et al., 2006a; Bahn et al., 2008) have discussed and clarified the role of photosynthetic activity, vegetation productivity and their relationship to respiration.
Linking photosynthesis and respiration might be of particular relevance when modeling R ECO across biomes or at the global scale. Empirical evidence for the link between gross primary production (GPP) and R ECO is reported for most, if not all, ecosystems: grasslands (e.g. Craine et al., 1999; Hungate et al., 2002; Bahn et al., 2008 Bahn et al., , 2009 , crops (e.g. Kuzyakov & Cheng, 2001; Moyano et al., 2007) , boreal forests (Hogberg et al., 2001; Gaumont-Guay et al., 2008) and temperate forests, both deciduous (e.g. Curiel-Yuste et al., 2004; Liu et al., 2006) and evergreen (e.g. Irvine et al., 2005) .
Moreover, several authors have found a time lag between productivity and respiration response. This time lag depends on the vegetation structure: it is related to the translocation time of assimilates from aboveground to belowground organs through the phloem. Although the existence of a time lag is still under debate, it has been found to be a few hours in grasslands and croplands and a few days in forests (Knohl & Buchmann, 2005; Baldocchi et al., 2006; Moyano et al., 2008; Savage et al., 2009) .
While the link between productivity and respiration appears to be clear, to our knowledge few model formulations include the effect of productivity or photosynthesis as a biotic driver of respiration and these models are mainly developed for the simulation of soil respiration using a relatively small dataset of soil respiration measurements (e.g. Reichstein et al., 2003a; Hibbard et al., 2005) .
In this context, the increasing availability of ecosystem carbon, water and energy flux measurements collected by means of the eddy covariance technique (e.g. Baldocchi, 2008) over different plant functional types (PFTs) at more than 400 research sites, represents a useful tool in understanding processes and interactions behind carbon fluxes and ecosystem respiration. These data serve as a backbone for bottom-up estimates of continental carbon balance components (e.g. Papale & Valentini, 2003; Ciais et al., 2005; Reichstein et al., 2007) and for ecosystem model development, calibration and validation (e.g. Baldocchi, 1997; Law et al., 2000; Reichstein et al., 2002 Reichstein et al., , 2003b Hanson et al., 2004; Verbeeck et al., 2006; Owen et al., 2007) . The database includes a number of added products such as gap-filled net ecosystem exchange (NEE), GPP, R ECO and meteorological drivers (air temperature, radiation, precipitation etc.) aggregated at different timescales (e.g. half-hourly, daily, annually) and consistent for data treatment Papale et al., 2006) .
In this paper we analyze R ECO with a semiempirical modeling approach at 104 different sites belonging to the FLUXNET database with the primary objective of synthesizing and identifying the main factors controlling (i) the temporal variability of R ECO , (ii) the between-site variability (hereafter referred to as spatial variability). The second objective was to provide a model that can be used for diagnostic up-scaling of R ECO from eddy covariance flux sites to large spatial scales.
Specifically, the analysis and model development followed these three steps:
(1) we developed a semiempirical R ECO model site by site (site-by-site analysis) with the aim of clarifying if and how GPP should be included in a model for improving the description of R ECO and which factors are best suited for describing the spatial variability of reference respiration (i.e. the daily R ECO at the reference temperature without moisture limitations). We performed the following two steps:
the analysis of R ECO data was conducted using a purely climate-driven model: TP Model (Raich et al., 2002) . The accuracy of the model and the main bias were analyzed and discussed; we evaluated the inclusion of biotic factors (i.e. GPP) as drivers of R ECO . A range of different model formulations, which differ mainly in regard to the functional responses of R ECO to photosynthesis, were tested to identify the best model formulation for the daily description of R ECO at each site;
(2) we analyzed the variability of the reference respiration estimated at each site with the aim of identifying, among the different site characteristics, one or more predictors of the spatial variability of this crucial parameter. This can be extremely useful in the application of the model at a large spatial scale; (3) we optimized the developed model for each PFT (PFT analysis) with the aim of generalizing the model parameters in a way that can be useful in diagnostic, PFT-based, up-scaling of R ECO . The accuracy of the model was assessed by a cross-validation technique and its main weak points were critically evaluated and discussed.
Material and methods

Dataset
The data used in this analysis are from version 2 of the LaThuile FLUXNET dataset (http:/ /www.fluxdata.org), a dataset including 253 research sites belonging to the FLUXNET eddy covariance network Baldocchi, 2008) . The analysis was restricted to 104 sites (cf . Table in Appendices S1 and S2) on the basis of ancillary data availability [i.e. only sites containing at least both maximum ecosystem leaf area index of understorey and overstorey (LAI MAX ) were selected] and of the time series length (all sites containing at least 1 year of carbon fluxes and meteorological data of good quality were used). Further, we analyzed only those sites for which the relative standard error of the estimates of model parameters E 0 (activation energy) and reference respiration (R 0 ) (see further sections for more details on the meaning of parameters) were o50% and where E 0 estimates were within an acceptable range (0-450 K). Sites in which the estimated parameters were unacceptable were around 6% of the entire dataset. The latitude ranges from 71.321 at the Alaska Barrow site (US-Brw) to À21.621 at the Sao Paulo Cerrado (BR-Sp1). The climatic regions include tropical to arctic ( Fig. 1) .
All the main PFTs as defined by the International Geosphere-Biosphere Programme (IGBP) were included in this study: the selected sites included 28 evergreen needleleaf forests (ENF), 17 deciduous broadleaf forests (DBF), 16 grasslands (GRA), 11 croplands (CRO), eight mixed forests (MF), five savannas (SAV), nine shrublands (SHB), seven evergreen broadleaved forests (EBF) and three wetlands (WET). Because of the limited number of sites and their similarity, the class SAV included both the sites classified as savanna (SAV) and woody savannas (WSA), while the class SHB included both the open (OSH) and closed (CSH) shrubland sites. For abbreviations and symbols refer to Appendix S3.
Daily R ECO , GPP and the associated uncertainties of NEE data, together with daily meteorological data such as mean air temperature (T A ) and 30-day precipitation running average (P), were downloaded from the FLUXNET database.
At each site data were storage-corrected, spike-filtered and u Ã -filtered according to Papale et al. (2006) and subsequently gap-filled and partitioned as described by Reichstein et al. (2005) . Only days containing both meteorological and daily flux data with a percentage of gap-filled half hours below 15% were used for this analysis. The medians of the u Ã threshold applied in the FLUXNET database for the site-years used in the analysis are listed in Appendix S2. The average of the median u Ã values is lower for short canopies (e.g. for grasslands 0.075 AE 0.047 ms À1 ) and higher for tall canopies (e.g. for evergreen needleleaf forests 0.221 AE 0.115 ms À1 ).
Along with fluxes and meteorological data, main ancillary data such as LAI MAX , LAI of overstorey (LAI MAX,o ), stand age for forests (StandAge), total soil carbon stock (SoilC) and the main information about disturbance (e.g. date of cuts, harvesting, thinning, fire) were also downloaded from the database. Total atmospheric nitrogen deposition (N depo ) is based on the atmospheric chemistry transport model TM3 (Rodhe et al., 2002) and calculated at 11 Â 11 resolution. These data are gridaverage downward deposition velocities and do not account for vegetation effects. The data used for the selected sites are shown in Appendix S2.
Development of the ecosystem respiration model
Site-by-site analysis -TP model description. For the analysis of R ECO we started from a widely used climate-driven model: TP Model [Eqn (1)] proposed by Raich et al. (2002) and further modified by Reichstein et al. (2003a) . Here we used the TP Model for the simulation of R ECO at the daily time-step using as abiotic drivers daily T A and P:
where R ref (g C m À2 day À1 ) is the ecosystem respiration at the reference temperature (T ref , K) without water limitations. f(T A ) and f(P) are functional responses of R ECO to air temperature and precipitation, respectively.
Here temperature dependency f(T A ) is changed from the Q 10 model to an Arrhenius type equation [Eqn (2) ]. E 0 (K) is the activation energy parameter and represents the ecosystem respiration sensitivity to temperature, T ref is fixed at 288.15 K (15 1C) and T 0 is fixed at 227.13 K (À46.02 1C):
We refine the approach of Reichstein et al. (2003a, b) and propose a reformulation of the response of R ECO to precipitation [Eqn (3)], where k (mm) is the half saturation constant of the hyperbolic relationship and a is the response of R ECO to null P.
Although soil water content is widely recognized as the best descriptor of soil water availability, we preferred to use precipitation since the model developed is oriented to upscaling and soil water maps are more affected by uncertainty than precipitation maps.
Model parameters -R ref , E 0 , a, k -were estimated for each site and the accuracy of the climate-driven model was evaluated. At each site the Pearson correlation coefficient (r) between TP Model residuals (R ECO observed minus R ECO modeled) and GPP was also computed.
Site-by-site analysis -effect of productivity on the temporal variability of R ECO . The role of GPP as an additional biotic driver of R ECO , which has been included in Eqn (1), was analyzed at each site using three different formulations of the dependency of ecosystem respiration on productivity f(GPP):
Linear response:
Exponential response:
Michaelis-Menten response:
Besides linear dependency, the exponential and Michaelis-Menten responses were tested. According to different authors (e.g. Hibbard et al., 2005; Reichstein et al., 2007) , we hypothesized that respiration might saturate at high productivity rates in a way similar to the Michaelis-Menten enzyme kinetics. This saturation can also occur by a transition of carbon limitation to other limitations. The exponential curve was used as another formulation of a saturation effect.
We tested two different schemes for the inclusion of f(GPP) [Eqns (4)-(6)] in the TP Model [Eq. (1)]: (1) f (GPP) was included by replacing the reference respiration at reference temperature [R ref in Eq. (1)] with the sum of a new reference respiration (R 0 ) and the f(GPP):
(2) f (GPP) was included in the TP Model as an additive effect. In this case one part of ecosystem respiration is purely driven by biotic factors (e.g. independent of temperature) and the other by abiotic ones.
In Table 1 , R 0 is the new reference respiration term (i.e. ecosystem respiration at T ref , when the GPP is null and the ecosystem is well watered). This quantity is considered to be an indicator of site ecosystem respiration, closely related to site conditions, history and characteristics, while k 2 , R 2 , R max and h Rmax describe the assumed functional response to GPP. The model parameters -R 0 , E 0 , a, k and the parameters of f(GPP)were estimated for each site to evaluate which model formulation best describes the temporal variability of R ECO .
With the aim of confirming the existence of a time lag between photosynthesis and the respiration response, we ran the model with different time lagged GPP time series (GPP lag,i ), starting from the GPP estimated on the same day (GPP lag,0 ) and considering daily increments back to GPP estimated one week before the measured R ECO (GPP lag,7 ).
Analysis of the influence of the partitioning method. GPP and R ECO estimated with the partitioning method used in the FLUXNET database are derived from the same data (i.e. GPP 5 R ECO ÀNEE) and this may to some extent introduce spurious correlation between these two variables. In literature, two different positions on that can be found: Vickers et al. (2009) and Vickers et al. (2010) identified a spurious correlation between GPP and R ECO when these component fluxes are jointly estimated from the measured NEE (i.e. as estimated in the FLUXNET database). Lasslop et al. (2010a) argue that when using daily sums or further aggregated data, self-correlation is important because of the error in R ECO rather than because R ECO is a shared variable for the calculation of GPP. Lasslop et al. (2010b) further suggested a 'quasi'-independent GPP estimate (GPP LASS ). The method by Lasslop et al. (2010b) applies a modified light response curve extended with the Lloyd and Taylor model to include sensitivity of respiration to temperature with a VPD limitation of GPP. The flux magnitudes are derived from daytime data, with only the parameter defining the temperature sensitivity of respiration needed to be derived from night-time data. The estimates of R ECO based on night-time data and the GPP estimated from day-time data can be seen as statistically independent as the flux magnitudes are derived from disjoint datasets (e.g. errors in R ECO are not propagated to GPP). They are of course still subject to potential systematic errors, but no constant error affects the correlation between the two flux components. Hence, if existing, 'spurious' correlations are minimized for the two independent estimates compared with partitioning methods where both flux components are derived from the same observed dataset. To understand whether our results are affected or not by the 'spurious' correlation between GPP and R ECO estimated in FLUXNET, we also performed the analysis using the GPP LASS in place of GPP.
The TP Model was optimized against R ECO and the Pearson correlation coefficient between TP Model residuals and GPP LASS was calculated (r TPModelÀGPPLASS ) at each site and for each PFT. At each site we compared the correlation between TP Model residuals and GPP derived from the FLUX-NET database (r TPModelÀGPPFLUX ) with the r TPModelÀGPPLASS . The comparison was conducted using the two sample paired sign test (Gibbons & Chakraborti, 2003) . We tested the null hypothesis that the median of the difference between two samples is zero, for a 1% significance level. The sign test was selected instead of the t-test because it avoids: (i) the normal distribution assumption; and (ii) distribution symmetry.
Site-by-site analysis -spatial variability of reference respiration (R 0 ). Once the best model formulation was selected, we analyzed the spatial variability of R 0 : the relationships between the estimated R 0 at each site and site-specific ancillary data were tested, including LAI MAX , LAI MAX,o , N depo , SoilC and Age. Leaf mass per unit area and aboveground biomass were not considered because these are rarely reported in the database for the sites studied and poorly correlated with spatial variability of soil respiration, as reported by Reichstein et al. (2003a) . In this analysis, conducted with the stepwise AIC method (see 'Statistical analysis'), the sites with incomplete site characteristics were removed (Age was considered only 
for the analysis of forest ecosystems). On the basis of this analysis the model was reformulated by adding the explicit dependency of R 0 on the site characteristics that best explained its variability.
PFT-analysis. In this phase we tried to generalize the model parameters to obtain a parameterization useful for diagnostic PFT-based up-scaling. For this reason model parameters were estimated including all the sites for each PFT at the same time. The dependency of R 0 was prescribed as a function of site characteristics that best explain the spatial R 0 variability within each PFT class.
The model was corroborated with two different crossvalidation methods:
(1) Training/evaluation splitting cross-validation: one site at a time was excluded using the remaining subset as the training set and the excluded one as the validation set.
The model was fitted against each training set and the resulting parameterization was used to predict the R ECO of the excluded site.
(2) k-fold cross-validation: the whole dataset for each PFT was divided into k randomly selected subsets (k 5 15) called a fold. The model was fitted against kÀ1 remaining folds (training set) while the excluded fold (validation set) was used for model evaluation. The cross-validation process was then repeated k times, with each of the k-folds used exactly once as the validation set.
For each validation set of the cross-validated model, statistics were calculated (see 'Statistical analysis'). Finally, for each PFT we averaged the cross-validated statistics to produce a single estimation of model accuracy in prediction.
Statistical analysis
Model parameter estimates. Model parameters were estimated using the Levenberg-Marquardt method, implemented in the data analysis package 'PV-WAVE 8.5 ADVANTAGE' (Visual Numerics, 2005) , a nonlinear regression analysis that optimizes model parameters finding the minimum of a defined cost function. The cost function used here is the sum of squared residuals weighted for the uncertainty of the observation (e.g. Richardson & Hollinger, 2005) . The uncertainty used here is an estimate of the random error associated with the night-time fluxes (from which R ECO is derived). Model parameter standard errors were estimated using a bootstrapping algorithm with N 5 500 random resampling with replacement of the dataset. As described by Efron & Tibshirani (1993) , the distribution of parameter estimates obtained provided an estimate of the distribution of the true model parameters.
Best model formulation selection. For the selection of the 'best' model from among the six different formulations listed in Table 1 and the TP Model, we used the approach of the information criterion developed by Akaike (1973) which is considered a useful metric for model selection (Anderson et al., 2000; Richardson et al., 2006) . In this study the cAIC [Eqn (8)] was preferred to the AIC because the latter is biased with large datasets (Shono, 2005) , tending to select more complicated models (e.g. many explanatory variables exist in regression analysis):
where L(Y) is the within-samples residual sum of squares, p is the number of unknown parameters and n is the number of data (i.e. sample size). Essentially, when the dimension of the dataset is fixed, cAIC is a measure of the trade-off between the goodness of fit (model explanatory power) and model complexity (number of parameters), thus cAIC selects against models with an excessive number of parameters. Given a dataset, several competing models (e.g. different model formulations proposed in Table 1) can be ranked according to their cAIC, with the formulation having the lowest cAIC being considered the best according to this approach. For the selection of the best set of predictive variables for R 0 we used the stepwise AIC, a multiple regression method for variable selection based on the AIC criterion (Venables & Ripley, 2002; Yamashita et al., 2007) . The stepwise AIC was preferred to other stepwise methods for variable selection since it can be applied to nonnormally distributed data (Yamashita et al., 2007) .
Evaluation of model accuracy. Model accuracy was evaluated by means of different statistics according to Janssen & Heuberger (1995) : root mean square error (RMSE), EF (modeling efficiency), determination coefficient (r 2 ) and mean absolute error (MAE). In particular, EF is a measure of the coincidence between observed and modeled data and it is sensitive to systematic deviation between model and observations. EF can range from À1 to 1. An EF of 1 corresponds to a perfect agreement between model and observation. An EF of 0 indicates that the model is as accurate as the mean of the observed data, whereas a negative EF means that the observed mean is a better predictor than the model. In the PFT analysis for each validation set the crossvalidated statistics were calculated. The averages of crossvalidated statistics were calculated for each PFT both for training/evaluation splitting (EF cv , RMSE cv , r 2 cv ) and for k-fold cross-validation (EF kfold-cv , RMSE kfold-cv , r 2 kfoldÀcv ).
Results
Site-by-site analysis TP model results. The RMSE and EF obtained with TP Model fitting (Table 2) showed a within-PFT-average EF ranging from 0.38 for SAV to 0.71 for ENF and an RMSE ranging from 0.67 for SHB to 1.55 g C m À2 day À1 for CRO. The importance of productivity is highlighted by the analysis of the residuals. A significant positive correlation between the TP Model residuals (z) and the GPP was observed with a systematic underestimation of respiration when GPP was large.
In Fig. 2a , the mean r TPModelÀGPPFLUX for each PFT as a function of the time lag is summarized.
The lowest correlation was observed for wetlands (r 5 0.29 AE 0.14). The mean r TPModelÀGPPFLUX is higher for herbaceous ecosystems such as grasslands and croplands (0.55 AE 0.11 and 0.63 AE 0.18, respectively) than for forest ecosystems (ENF, DBF, MF, EBF), which behaved in the same way ( Fig. 2a) , with values ranging from 0.35 AE 0.13 for ENF to 0.45 AE 0.13 for EBF. No time lag was observed with the analysis of residuals.
GPP as a driver of R ECO . The effect of GPP as an additional driver of R ECO was analyzed at each site by testing six different models (Table 1) . The model ranking based on the cAIC calculated for each different model formulation at each site showed agreement in considering the models using the linear dependency of R ECO on GPP (LinGPP) as the best model formulation (Table 2) , since the cAICs obtained with LinGPP were lower than those obtained with all the other formulations. This model ranking was also maintained when analyzing each PFT separately, except for croplands where the addLinGPP formulation provided the minimum cAIC. It is notable that the difference between the average cAIC estimated for the two model formulations was almost negligible (cAIC was 38.22 AE 2.52 and 38.26 AE 2.45 for addLinGPP and LinGPP, Statistics are averaged per plant functional type (PFT). Except for croplands (CRO), LinGPP is selected as the best model formulation. EF is the modeling efficiency while RMSE is the root mean square error (Jannsen and Heuberger, 1995) . Values in brackets are the standard deviations. The list of acronyms is also provided in Appendix S2.
The definitions of different PFTs are: evergreen needleleaf forest (ENF), deciduous broadleaf forest (DBF), grassland (GRA), cropland (CRO), savanna (SAV), shrubland (SHB), evergreen broadleaf forest (EBF), mixed forest (MF) and wetland (WET). respectively) and the standard errors of parameter estimates were lower for the LinGPP formulation. In general, the cAIC values obtained at all sites with the LinGPP model formulation [39.50 (37.50-42.22 ), in parenthesis the first and third quartile are reported] were lower than the ones obtained with the TP Model [41.08 (39.02-44.40)], although the complexity of the latter was lower (one parameter less). On this basis we considered the LinGPP as the best model formulation. The statistics of model fitting obtained with the LinGPP model formulation are reported in Table 2 . The model optimized site by site showed a within-PFT-average of EF between 0.58 for EBF and 0.85 for WET with an RMSE ranging from 0.53 for SAV to 1.01 g C m À2 day À1 for CRO. On average, EF was 40.65 for all the PFTs except for EBF. In terms of improvement of statistics, the use of LinGPP in the TP Model led to a reduction of the RMSE from 13.4% for shrublands to almost one-third for croplands (34.8%), grasslands (32.5%) and savannas (32.0%) with respect to the statistics corresponding to the purely climate-driven TP Model.
No time lag between photosynthesis and respiration response was detected. In fact, using GPP lag,Ài as a model driver we observed a general decrease in mean model performances for each PFT (i.e. decrease in EF and increase in RMSE) for increasing i values (i.e. number of days in which the GPP was observed before the observed R ECO ). The only exception was DBF in which we found a time lag between the GPP and R ECO response of 3 days as shown by the peak in average EF and by the minimum in RMSE in Fig. 2b , although these differences were not statistically significant.
Analysis of the importance of 'spurious' correlation between R ECO and GPP. At each site we compared the correlation between TP Model residuals and GPP included in FLUXNET and the one computed by Lasslop et al. (2010b) . The paired sign test between r TPModelÀGPPFLUX and r TPModelÀGPPLASS performed for each PFT indicates that the median of the differences of the populations are negligible for almost all the PFTs (Fig. 3 and Table 3 ). The only exception was observed in tall canopies such as ENF, MF and EBF, for which the differences were statistically significant (Po0.01 for ENF and MF; Po0.05 for EBF). However, the r TPModelÀGPPLASS is only slightly lower than r TPModelÀGPPFLUX : À0.035 for MF and À0.050 for ENF.
In conclusion, these results confirm that in this case the bias observed in the purely climate driven model it is not imputable to a 'spurious' correlation between R ECO and GPP introduced by the partitioning method used in the FLUXNET database and that when using a quasi-independent estimate of GPP the overall meaning of the results is the same.
Spatial variability of reference respiration rates. The reference respiration rates (R 0 ) estimated site by site with the LinGPP model formulation represent daily ecosystem respiration at each site at a reference temperature (i.e. 15 1C), without water limitation and carbon assimilation. Hence, R 0 can be considered the respiratory potential of a particular site. R 0 assumed the highest values for the ENF (3.01 AE 1.35 g C m À2 day À1 ) while the lowest values were found for SHB (1.49 AE 0.82 g C m À2 day À1 ) and WET (1.11 AE 0.17 g C m À2 day À1 ), possibly reflecting lower carbon pools for shrublands or lower decomposition rates due to anoxic conditions or carbon stabilization for wetlands.
By testing the pairwise relationship between R 0 and different site characteristics we found that the ecosystem LAI MAX showed the closest correlation with R 0 [R 0 5 0.44(0.04)LAI MAX 1 0.78(0.18), r 2 5 0.52, Po0.001, n 5 104, in parentheses standard errors of model parameters estimates are reported], thus LAI MAX was the best explanatory variable of the retrieved R 0 variability (Fig. 4a) . Conversely, LAI MAX,o correlated less (r 2 5 0.40, Po0.001, n 5 104) with R 0 (Fig. 4b) , thus indicating that for forest sites understorey LAI must also be taken into account. A very weak correlation was found with SoilC (r 2 5 0.09; Po0.001, n 5 67) and no significant correlation with Age, N depo and T MEAN was found ( Fig. 4c-f ).
The multiple regression analysis conducted with the stepwise AIC method including all sites simultaneously, showed that the two best predictors of R 0 were LAI MAX and SoilC (adjusted multiple r 2 5 0.57; AIC, Akaike Information Criterion. Po0.001; n 5 68) which were both positively correlated with R 0 (Table 4) . LAI MAX was the best predictor of spatial variability of R 0 for all sites, thus confirming the results of the aforementioned pairwise regression analysis, but the linear model that included SoilC as an additional predictor led to a significant, though small, reduction in the AIC during the stepwise procedure. Considering only the undisturbed temperate and boreal forest sites (ENF, DBF, MF), the predictive variables of R 0 selected were LAI MAX and N depo (adjusted multiple r 2 5 0.67; Po0.001; n 5 23). For these sites both LAI MAX , which was still the main predictor of spatial variability of R 0 , and N depo controlled the spatial variability of R 0 , with N depo negatively correlated to R 0 (Table 4 ). This means that for these sites, once having removed the effect of LAI MAX , N depo showed a negative control on R 0 with a reduction of 0.025 g C m À2 day À1 in reference respiration for an increase of 1 kg N ha À1 yr À1 in total nitrogen depositions. Considering only the disturbed forest sites, we found that SoilC and T MEAN were the best predictors of the spatial variability of R 0 (adjusted multiple r 2 5 0.80, Po0.001, n 5 10).
In Table 5 the statistics of the pairwise regression analysis between R 0 and LAI MAX for each PFT are reported. The best fitting was obtained with the linear relationship for all PFTs except for deciduous forests for which the best fitting was obtained with the exponential relationship R 0 5 R LAI 5 0 (1Àe ÀaLAI ).
PFT-analysis
Final formulation of the model. On the basis of the aforementioned results, GPP as well as the linear dependency between R 0 and LAI MAX were included in the TP Model, thus leading to a new model formulation [Eqn (9)]. The final formulation is basically the TP Model with the addition of biotic drivers (daily GPP and LAI MAX ) and hereafter referred to as TPGPP-LAI Model, where GPP and LAI MAX reflect the inclusion of the biotic drivers in the climate-driven model:
where the term, R LAI 5 0 1 a LAI LAI MAX , describes the dependency of the basal rate of respiration (R 0 in Table  1 ) on site maximum seasonal ecosystem LAI. Although we found that SoilC and N depo may help to explain the spatial variability of R 0 , in the final model formulation we included only the LAI MAX . The model is primarily oriented to the up-scaling and spatial distribution information of SoilC, N depo and disturbance may be difficult to gather and is usually affected by high uncertainty.
The parameters R LAI 5 0 and a LAI listed in Table 5 were introduced as fixed parameters in the TPGPP-LAI Model. For wetlands and mixed forests the overall relationship between LAI MAX and R 0 was used. For wetlands, available sites were insufficient to construct a statistically significant relationship, while for mixed forests the relationship was not significant (P 5 0.146).
PFT specific model parameters (k 2 , E 0 , k, a) of the TPGPP-LAI Model were then derived using all data from each PFT at the same time and listed with their relative standard errors in Table 5 . No significant differences in parameter values were found when estimating all the parameters simultaneously (a LAI , R LAI 5 0 , k 2 , E 0 , k, a).
The scatterplots of the observed vs. modeled annual sums of R ECO are shown in Fig. 5 , while results and statistics are summarized in Table 6 . The model was able to describe the interannual and intersite variability of the annual sums over different PFTs, with the explained variance varying between 40% for DBF and 97% for SHB and EBF. Considering all sites, the explained variance is 81%, with a mean error of about 17% (132.99 g C m À2 yr À1 ) of the annual observed R ECO .
Evaluation of model prediction accuracy and weak points.
The results obtained with the k-fold and training/ evaluation split cross-validation are listed in Table 7 .
The r 2 cv ranges from 0.52 (for EBF) to 0.80 (for CRO) while the r cv,kfold 2 ranges from 0.58 (for DBF) to 0.83 (for WET). The cross-validated statistics averaged for each PFT are in all cases higher for the k-fold than for the training/evaluation splitting cross-validation. The analysis of model residual time series of the DBF (Fig. 6 ) showed a systematic underestimation during the springtime development phase and, although less clear, on the days immediately after leaf-fall. A similar behavior was also found for croplands and grasslands during the days after harvesting or cuts (Fig. 7) .
Discussion
GPP as a driver of ecosystem respiration
The results obtained with the purely climate-driven model (TP Model) and the best model formulation selected in the site-by-site analysis (i.e. LinGPP, Table 1 ) confirm the strong relationship between carbon assimilation and R ECO , thus highlighting that this relationship must be included in models aimed at simulating the temporal variability of R ECO . Respiration appears to be strongly driven by the GPP in grasslands, savannas and croplands as already pointed out by several authors in site-level analyses (Xu & Baldocchi, 2004; Moyano et al., 2007; Bahn et al., 2008; Wohlfahrt et al., 2008a) . For croplands and grasslands, growth respiration is controlled by the amount of photosynthates available and mycorrhizal respiration, which generally constitutes a large component of soil respiration (e.g. Kuzyakov & Cheng, 2001; Moyano et al., 2007) .
On the contrary, for wetlands the weak relationship between respiration and GPP can be explained by the persistence of anaerobic conditions: decomposition proceeds more slowly with an accumulation of organic matter on top of the mineral soil layer and respiration is closely related to temperature and water table depth rather than to other factors (Lloyd, 2006) .
The lower correlation observed for forest ecosystems compared with grasslands and croplands may be due to the longer time for translocation of substrates from canopy to roots, related to the rates of phloem carbon transport (Nobel, 2005) , which affect the reactivity of respiration and the release of exudates or assimilates from roots as a response to productivity (Mencuccini & Hö ltta, 2010) . This is very often the cause of time lags between photosynthesis and respiration response, but may justify the reduction of correlation between model residuals and GPP estimated on the same day.
A clear time lag between GPP and R ECO response was not detected. In fact, both the residual analysis ( Fig. 3a ) and the analysis conducted with the LinGPP model formulation (Fig. 3b ) confirmed the general absence of a time lag, with the only exception of DBF where a nonstatistically significant time lag of 3 days was observed. However, in our opinion, these results do not help to confirm or reject the existence of a time lag for several reasons: (i) in some studies (e.g. Tang & Baldocchi, 2005; Baldocchi et al., 2006) a lag on the subdaily timescale was identified and the lags on the daily timescale were attributed to an autocorrelation in weather patterns (i.e. cyclic passage of weather fronts with cycles in temperature or dry and humid air masses) that modulates the photosynthetic activities; since our analysis focused on daily data we were not able to identify the existence of subdaily time lags; (ii) lag effects may be more pronounced under favorable growing conditions or during certain periods of the growing season, the analysis of which is beyond the scope of the present study.
Spatial variability of reference respiration rates
The relationship between reference respiration rates (R 0 ) derived by using the LinGPP model formulation and LAI MAX (Fig. 4a) is particularly interesting considering that the productivity was already included in the model (i.e. daily GPP is the driver of LinGPP). While daily GPP describes the portion of R ECO that originates from recently assimilated carbon (i.e. root/rhizosphere respiration, mychorrizal and growth respiration), LAI MAX is a structural factor that has an additional effect on short-term productivity and makes possible a description of the overall ecosystem respiration potential of the ecosystem. For instance, high LAI means increased autotrophic maintenance respiration costs. Moreover, LAI MAX can be considered both as an indicator of the general carbon assimilation potential and as an indicator of how much carbon can be released to the soil yearly because of litterfall (especially for forests) and leaf turnover, which are directly related to basal soil respiration (Moyano et al., 2007) . At recently disturbed sites, this equilibrium between LAI MAX and soil carbon (through litter inputs) may be broken, for example, thinning might lead to a reduction of LAI MAX without any short-term effect on the amount of soil carbon, while plowing in crops or plantations leads solely to a reduction of soil carbon content and not necessarily of LAI. Also in cut or grazed grasslands maximum LAI does not correspond well with litter input because most of this carbon is exported from the site and only partially imported back (as organic manure). This explains why the multiple linear model including LAI MAX and SoilC was selected as the best by the stepwise AIC regression using all the sites at the same time and why on considering only disturbed forest ecosystems SoilC was selected as the best predictor of R 0 (Table 4) . Also particularly interesting is the negative control of N depo on R 0 . The reduction of heterotrophic respiration in sites with a high total nitrogen deposition load has been previously described in literature and attributed to different processes. For instance, soil acidification at high N depo loads may inhibit litter decomposition. As a consequence of the suppression of respiration rate (Freeman et al., 2004; Knorr et al., 2005) and N depo increase, the N concentration in litter increases with a reduction of litter decomposition rates (Berg & Matzner, 1997; Persson et al., 2000) and the consequent reduction of respiration. The latter process is more debated in literature because an increased N supply may lead to higher N release from plant litter, which results in faster rates of N cycling and in a stimulation of litter decomposition (e.g. Tietema et al., 1993) . However, this process is not always clear (e.g. Aerts et al., 2006) : in litter mixtures, N-rich and ligninrich litter may chemically interact with the formation of very decay-resistant complexes (Berg et al., 1993) . In addition, litter with a high concentration of condensed tannins may interact with N-rich litter, thus reducing the N release from decomposing litter as described in Hattenschwiler & Vitousek (2000) . The supposed stimulating effects of N addition on N mineralization from decomposing litter may thus be counteracted by several processes occurring in litter between N and secondary compounds, therefore leading to chemical immobilization of the added N (e.g. Pastor et al., 1987; Vitousek & Hobbie, 2000) .
Although the absolute values are a matter of recent debate (Magnani et al., 2007; De Vries et al., 2008; Sutton et al., 2008) , it is agreed that N depo stimulates net carbon uptake by temperate and boreal forests. As net carbon uptake is closely related to respiration, once the effect of age is removed, it can be seen that increased N depo has the potential to drive R ECO in either direction. The stimulation of GPP as a consequence of increasing N depo is already included in the model since GPP is a driver. Additionally, our analysis suggests that on the whole an increased total N depo in forests tends to reduce reference respiration. Without considering the effects introduced by N depo in our models we may overestimate R ECO , with a consequent underestimation of the carbon sink strength of such terrestrial ecosystems. It is also clear that in managed sites such interactions apply equally to other anthropogenic nitrogen inputs (fertilizers, animal excreta) (cf. Galloway et al., 2008; Janssens et al., 2010) .
However, considering (i) that LAI MAX is the most important predictor of R 0 , (ii) that the uncertainty in soil carbon and total nitrogen deposition maps is usually high, (iii) that the spatial information on disturbance is often lacking and finally (iv) that our model formulation is oriented to up-scaling issues, we introduced LAI MAX as the only robust predictor of the spatial variability of R 0 in the final model formulation. The use of LAI MAX is useful from an up-scaling perspective (e.g. at regional or global scale) as it can be derived by remotely sensed vegetation indices (e.g. normalized vegetation index or enhanced vegetation index) thus opening interesting perspectives for the assimilation of remote sensing products in the TPGPP-LAI Model.
The intercepts of the PFT-based linear regression between R 0 and LAI MAX (Table 5) suggest that when the LAI MAX is close to 0 ('ideally' bare soil) the lowest R 0 takes place in arid (e.g. EBF) and agricultural ecosystems. The frequent disturbances of agricultural soils (i.e. plowing and tillage), as well as management, reduce soil carbon content dramatically. In croplands, the estimated R 0 is very low in sites with low LAI. However, with increasing LAI MAX , R 0 shows a rapid increase, thus resulting in high respiration rates for crop sites with high LAI. For SHB and SAV the retrieved slopes are typical of forest ecosystems, while the intercepts are close to zero because of the lower soil carbon content usually found in these PFTs (Raich & Schlesinger, 1992) . Because of the few available sites representing savannas and shrublands, these were grouped on the basis of climatic characteristics.
In grasslands, the steeper slope (a LAI ) value found (1.14 AE 0.33) suggests that R 0 increases rapidly with increasing aboveground biomass as already pointed out in literature (Wohlfahrt et al., 2005a (Wohlfahrt et al., , b, 2008a , i.e. an increase in LAI MAX leads to a stronger increase in R 0 than in other PFTs.
In forest ecosystems, and in particular in ENF and DBF, the physical meaning of the higher intercept may reflect the fact that transient soil carbon sources and sinks dampen the interannual variability of R ECO . For boreal and high latitude forests another hypothesis is that these ecosystems may be recovering from fire within the last century or two, which means that variation in LAI MAX across sites has more to do with how quickly carbon stocks are reaccumulating than rates of R ECO . In other words, most boreal forests have some threshold maintenance respiration rate, and excess GPP beyond that respiration rate goes toward biomass growth and reaccumulation of surface layers of soil carbon. Thus, variations in LAI MAX are less well correlated with R ECO than they are where recovery from previous stand-clearing fires or other disturbances is less important (i.e. at lower latitudes). This hypothesis is also supported by the lower r 2 reported in Table 5 for DBF and ENF.
Final formulation of the model and weak points
The results obtained through cross-validation of the TPGPP-LAI Model indicate that the developed model describes R ECO quite well. In particular, results indicate a better description of the temporal variability of R ECO rather than the spatial variability (or across-site variability), in the light of the poorer results of the training/ evaluation splitting (in which one site at a time is removed) compared with the k-fold cross-validation.
The derived parameterization of the TPGPP-LAI Model reported in Table 5 may be considered as an optimized parameterization for the application of the model at large scale (e.g. continental or global). For this application it is necessary to link the developed model with a productivity model. Remote sensing products are also necessary for the estimation of LAI MAX . One of the main advances introduced by this model formulation is the incorporation of GPP and LAI MAX as a driver of ecosystem respiration. These variables are necessary to improve the description of both the temporal and spatial dynamics of R ECO . The values of the TPGPP-LAI Model parameters (Table  5 ) related to precipitation (k, a) indicated a much stronger nonlinearity in the response of R ECO to precipitation for shrublands, wetlands and croplands than for forest ecosystems (Fig. 8 ). Wetlands and croplands can reached saturation (no limitation of water on respiration) after a small rain event, thus their insensitivity to precipitation is attributable to the persistence of water in wetland soils and irrigation in croplands. Grasslands are very sensitive to rain pulses as described in Xu & Baldocchi (2004) , while SAV and EBF showed a strong limitation when rainfall was low and f(P) saturation exceeded 50 mm month À1 . The parameters related to GPP dependency (k 2 ) estimated at PFT level confirm all the results obtained at the site level, thus identifying a clear sensitivity of grasslands and savannah to GPP.
Despite the overall high degree of accuracy, some limitations of the TPGPP-LAI Model were identified, in particular for the deciduous broadleaf forests. The systematic underestimation during the springtime development phase (Fig. 6) is very likely related to the peak in autotrophic respiration due to the intense activity of vegetation during bud burst not described by the model. This hypothesis is confirmed by different authors. For instance, Davidson et al. (2006b) pointed out that during spring development, specific root respiration increases with increasing soil temperature and the concomitant root growth increases the amount of respiring tissue. Moreover, during bud burst, leaf growth, starch mobilization and increased phloem transport may also contribute to this pulse in respiration as shown by Knohl et al. (2003) . A systematic underestimation was also observed immediately after leaf-fall, in which the increase in heterotrophic respiration stimulated by the decomposition of fresh litter was not described by the model. These results are in accordance with Davidson et al. (1998) who showed that sensitivity of respiration to temperature, derived using long-term data input, is different from short-term sensitivity because it is confused with other seasonally varying factors. At some DBF sites (US-HA1, DE-Hai, Fig. 6 ) the observed fluxes were lower than the modeled ones during the foliaged period. These observations suggest that the link between phenological models describing overall foliar development (Jolly et al., 2005; Migliavacca et al., 2008) and semiempirical carbon flux models may be useful in correcting long-term sensitivity in active spring or summer periods. Another option is the assimilation of remotely sensed time series from which the main phenological phases may be derived (e.g. derivative methods) and used for instance for the correction of the temporal variability of model parameters.
We also found similar behavior of croplands and grasslands during the days after harvesting or cuts (Fig. 7) , when respiration increased because of the decomposition of organic residues. The importance of litter input as a substrate source in the response of respiration after harvest and tillage was previously observed in literature (e.g. Moyano et al., 2007) and the model was unable to describe this pulse in respiration, thus indicating a possible lack in the description of processes related to the decomposition of residues.
Conclusions
In this study we propose a model (TPGPP-LAI Model) for the simulation of R ECO , which includes the explicit dependency of respiration on productivity. We demonstrate that the dependency of respiration on some measure of short-term productivity (e.g. daily GPP) needs to be included in models simulating ecosystem respiration at regional and global scale to improve the description of carbon fluxes and feedbacks between respiration and productivity.
In addition, general site productivity (using maximum seasonal LAI as a proxy) is another important additional variable, which accounts for the spatial variability of reference respiration within different PFTs. In other words, the LAI MAX can be used as an indicator of potential respiration for a specific site related to long-term respiration (i.e. low frequencies of the modeled respiration) while daily GPP and climate drive the short-term respiration response (i.e. the high frequencies of the modeled respiration). This opens interesting perspectives for assessing properties related to respiration using remote sensing products. Soil carbon content and total atmospheric nitrogen deposition may under certain circumstances represent additional parameters enhancing and suppressing, respectively, reference respiration rates.
We demonstrate that variables related to productivity and site structure are necessary to improve the description of both the temporal and spatial dynamics of R ECO . These results imply that empirical models driven only by climate underestimate the amplitude of R ECO and may lead to mistaken conclusions regarding the interpretation of the seasonal cycle of global CO 2 growth rate and annual carbon balance.
We provide a parameterization of the TPGPP-LAI Model for a PFT-based application of the model at large scale (e.g. continental or global). We show that the temporal, spatial and interannual variability of ecosystem respiration can be captured well by the proposed model. For this application a link of the developed model with a productivity model is necessary (for GPP estimation) as well as remote sensing products (necessary for the estimation of LAI). One future perspective is the integration of the proposed model formulation into the MODIS-GPP/NPP data stream (e.g. MOD17 Light Use Efficiency model) for regional and global estimates of R ECO .
Finally, we observe that a part of ecosystem respiration variance not explained by the model may be related to phenology in deciduous forests and to management in grasslands and croplands. For these reasons we consider the link between phenological and respiration models, as well as the inclusion of total nitrogen deposition and soil carbon stock, as additional drivers for improving the description of ecosystem respiration in both space and time.
